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Neuraminidase is a surface glycoprotein of influenza viruses that cleaves terminal sialic acids
from carbohydrates. It is critical for viral release from infected cells and facilitates viral spread
in the respiratory tract. The catalytic active site of neuraminidase is highly conserved in all
type A and B influenza viruses, making it an excellent target for antiinfluenza drug design.
Indeed, neuraminidase inhibitors have recently become available in the clinic for the treatment
of influenza. Here, we describe the use of 3D structures of neuraminidase—inhibitor complexes
to derive quantitative structure—activity relationships (QSARSs) to aid understanding of the
mechanism of inhibition and the discovery of new inhibitors. Crystal structures of neuramini-
dase—inhibitor complexes were used alongside modeled complexes to derive QSAR models by
COMparative BINding Energy (COMBINE) analysis (Ortiz, A. R.; Pisabarro, M. T.; Gago, F.;
Wade, R. C. J. Med. Chem. 1995, 38, 2681—2691). The neuraminidase proteins studied include
type A subtypes N2 and N9 (which have ca. 50% sequence identity) and an active site mutant
of the N9 subtype. The inhibitors include sialic acid and benzoic acid analogues with diverse
frameworks and substitution groups. By considering the contributions of the protein residues
and a key water molecule to the electrostatic and van der Waals intermolecular interaction
energies, a predictive and robust QSAR model for binding to type A neuraminidase was
obtained. In this QSAR model, 12 protein residues and 1 bound water molecule are highlighted
as particularly important for inhibitory activity. This QSAR model provides guidelines for
structural modification of current inhibitors and the design of novel inhibitors in order to

optimize inhibitory activity.

Introduction

The influenza virus has a long history of afflicting
humanity and is still the cause of a major respiratory
tract disease. Vaccines are frequently ineffective be-
cause of the rapid rate of mutation of influenza viral
antigens. Two known antiinfluenza drugs, amantadine
and its analogue rimantadine, are only effective against
the type A influenza virus and are known to result in
many side effects and resistance problems. These com-
pounds act by blocking the ion channel of the influenza
A virus protein M2,! which does not exist in the
influenza B virus. Alternative targets for antiviral
agents are the two major surface glycoproteins of the
virus, hemagglutinin and neuraminidase (NA). Hemag-
glutinin is responsible for viral binding to cell receptors.
NA is important for viral release from the infected cell
and viral transport through the mucus in the respira-
tory tract. The determination of the crystal structures?3
of the two proteins has provided opportunities for the
design of new and broad-spectrum antiinfluenza drugs.
Design targeted at NA*~% has been highly successful and
two NA inhibitors designed by structure-based ap-
proaches were approved for treatment in the clinic in
1999.

NA7 is a mushroom-shaped tetrameric protein with
a 4-fold symmetry axis. Each monomer fold consists of
six antiparallel four-stranded j-sheets. The catalytic
active site of NA is located in a concave cavity on the
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protein surface. Whereas for influenza type A NA, nine
subtypes, N1—-N9, have been identified, no subtype has
been isolated for type B. Despite the considerable
diversity of the sequences (e.g. the sequence identity
between the N2 A/Tokyo/67 strain and the N9 A/Tern/
Australia/G70c/75 strain is 50%), the residues lining the
active site of NA are conserved in all wild-type influenza
viruses. This makes the active site of NA an excellent
target for a broad-spectrum inhibitor. Our study is
focused on the N2 and N9 subtypes of type A NA, for
which a number of crystal structures of NA—inhibitor
complexes have been determined.

Most NA inhibitors currently known are sialic acid
analogues®12 (see Scheme 1). The substrate of NA, sialic
acid (Neu5Ac, 1), is a weak inhibitor, but its dehydrated
transition-state analogue, 2-deoxy-2,3-didehydrosialic
acid (Neu5Ac2en, 5), was found to be 1000-fold more
active.1® After this observation, a series of Neu5Ac2en
analogues with higher activities have been reported, one
of which, 4-guanidino-Neu5Ac2en (GNA, 7), has passed
through clinical trials and recently came to market as
an antiinfluenza nasal spray (Relenza). The ethyl ester
prodrug of the achiral inhibitor G39 (11) has also passed
clinical trials and was recently approved for use as the
first orally administered NA inhibitor (Tamiflu). Besides
Neu5Ac2en analogues, benzoic acid derivatives#—17 (see
Scheme 1) form another series of potent NA inhibitors
that are chemically more accessible. Substitution vari-
ants on the benzene ring have led to highly active
compounds. Recently a cyclopentane derivative, bcx-
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Scheme 1. Structures of Inhibitors
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1812 (31), has been shown to have good inhibitory
properties,’® and this compound is undergoing clinical
trials. In the following sections, substitution positions
in inhibitors are labeled according to the atom number
of the pyran ring in sialic acid (1) (see Scheme 1): e.g.
C4-position for the substitution on the C4 atom. The
region of the protein active site near the substitution
position is referred to as a pocket with the corresponding
label: e.g. C4-pocket for the region of the active site near
the C4-position.

Structure-based drug design methods have played a
critical role in the discovery of NA inhibitors.’® The
antiinfluenza drug Relenza (3), mentioned above, is the
direct result of exploiting the crystal structures of NA—
inhibitor complexes. The interactions between NA and
different probes with various functional groups in the
active site®20 were analyzed using the GRID program,?!
and the C4-position was revealed to be a highly favor-
able region for introduction of a basic substituent (e.g.
an amino or guanidino group). This group is present in
all three drugs that have passed or are undergoing
clinical trials.

Quantitative structure—activity relationship (QSAR)
studies on NA-—inhibitor complexes have also been
reported. Taylor and von Itzstein??2 used a molecular
dynamics/energy minimization protocol to analyze the
structures and predict the relative binding free energies
of complexes of a subtype N2 type A NA with a series
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of C4-substituted Neu5Ac2en inhibitors. Jedrzejas et
al.?® calculated the binding constants (K;) of NA inhibi-
tors using a continuum solvent electrostatic model and
suggested some new benzoic acid compounds with high
computed affinities. Recently, Wall et al.?* reported the
application of the linear interaction energy method?® to
computation of binding constants (K;) for subtype N2
type A NA with Neu5Ac2en analogues. They repre-
sented binding free energy differences by a linear
combination of electrostatic and van der Waals interac-
tion energies. A knowledge-based PMF scoring function
developed by Muegge and Martin?® was also recently
applied to a set of 11 NA—inhibitor complexes in order
to score and rank crystallographic and docked com-
plexes.?” In these computational studies of sets of NA—
inhibitor complexes, correlations were achieved between
computed binding energies and K;j or 1Csp values. These
were, however, of varying quality and some predictions
were incorrect. For example, the compounds predicted
to be highly active by Jedrzejas et al.23 are actually weak
inhibitors. In addition, in these studies, the structural
diversity of the inhibitors and NA types was limited.

The purpose of the present study is to obtain a high-
quality QSAR model that will be a useful guide for the
design of potent broad-spectrum NA inhibitors with
minimal resistance problems. To achieve this, we apply
the COMBINE (COMparative BINding Energy) method?®
and make use of the 3D structures of the protein—ligand
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complexes and known ICsy values of a set of NA—
inhibitor complexes. The set of complexes is chosen to
be as large and diverse as possible. It consists of 43 NA—
inhibitor complexes containing diverse inhibitors and
different subtypes of type A NA. The ICsy values for
these complexes range over more than 7 orders of
magnitude.

In the COMBINE method, the binding free energy AG
of the receptor—ligand complex (or, in this case, the
plCso) is correlated with a set of selected interaction
energy components. Each selected energy component
Au; contributes to the binding free energy according to
its weight w;:

AG = ZWiAui +C 1)

PLS (partial least squares) analysis is applied to obtain
the weights w;i. The advantages of this procedure over
simply correlating AG with the total computed binding
energy are that: (1) entropic contributions can be
considered explicitly or implicitly in the energy compo-
nents; (2) the effects of errors in the force-field param-
etrization or in modeled 3D structures can be, at least
in part, filtered out by the PLS analysis; and (3) the
resultant model shows which interactions are most
important for determining differences in binding affinity
and therefore provides hints for the design of molecules
with improved binding properties and the estimation
of effects due to protein point mutations. The COMBINE
method has been successfully applied to inhibitors of
phospholipase A,,282° HIV protease,®® and glycogen
phosphorylase,®' to substrates of cytochrome P450
1A2,%2 and to study nuclear receptor—DNA binding
specificity.33

In this study, electrostatic interactions, u?'e, and van
der Waals interactions, u/®, between the inhibitor and
each protein residue (and bound water molecules) in
energy-minimized structures of NA—inhibitor complexes
were selected to estimate the plCsy value:

pIC,, = ZW}’qu‘i’dW + ZWf'euf'e +C )
I I

The important residues contributing to the activity
should exhibit large w/® and/or wf"® values. Note that
a larger (more positive) plCsp value in eq 2 represents
stronger binding and corresponds to a more negative
binding free energy, AG, in eq 1.

A series of NA—inhibitor complexes, including crystal
structures and modeled structures, was used to derive
COMBINE models. As broad-spectrum activity and
minimization of viral resistance are important factors
in designing antiinfluenza drugs, subtypes N2 and N9,
as well as an active site mutant of subtype N9, were
present in the set of NA complexes. This is the first time
that COMBINE analysis has been applied to a set of
protein—ligand complexes with such large diversity in
protein sequence. The NA active site has inherent
rigidity, but one of the protein residues (276) is known
to undergo a conformational change upon the binding
of certain inhibitors and, in addition, the number of
tightly bound water molecules is known to vary with
the inhibitor. The inhibitors also exhibit structural
diversity with different frameworks and substitution
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groups. The complexity of the NA—inhibitor system is
a challenge to the COMBINE method, but also an
excellent test. The predictive and robust model obtained
not only provides insights useful for the development
of new antiinfluenza drugs but also serves as a valida-
tion of both the COMBINE method and the docking
algorithms used for modeling some of the NA—inhibitor
complexes.

Methods and Materials

Abbreviations: Neu5Ac, sialic acid (N-acetylneuraminic
acid); Neu5Ac2en, 2-deoxy-2,3-didehydro-p-N-acetylneuramin-
ic acid; aPANA, 4-acetamido-2,4-dideoxy-p-glycero-5-p-galacto-
1-octopyranosylphosphonic acid; ePANA, 4-acetamido-2,4-
dideoxy-Dp-glycero-a-p-galacto-1-octopyranosylphosphonic acid;
BANA, benzoic acid neuraminidase inhibitor; NA, neuramini-
dase; COMBINE analysis, comparative binding energy analy-
sis; BUW, block unscaled weights; QSAR, quantitative struc-
ture—activity relationship; PC, principal component.

Data Set. The crystal structures of 9 N2 and 15 N9 subtype
NA—inhibitor complexes were retrieved from the Brookhaven
Protein Data Bank. Seven of the 15 N9 complexes have the
active site residue mutation Arg292Lys. A further 8 crystal
structures of N9 complexes were kindly provided by Dr. Babu
of BioCryst Pharmaceuticals, Inc. These contained eight
different benzoic acid inhibitors (18—24) but shared one
common set of protein coordinates for a Gly336Asn N9 mutant
(n9.pdb). Note that unless otherwise stated, the NA residue
numbers given in the text refer to those in the complex with
PDB identifier 2qwk.

In addition, one wild-type N9 complex with inhibitor 4AM
(6) was constructed by superimposing protein atoms from the
complex 2qwd (6: N9 mutation) and the complex 1nnb (5:N9).
Also, three complexes of N2 NA with inhibitors GNA (7), bcx-
140 (18), and 4AM (6) were constructed by superimposing the
complex Llivf (5: N2) and complexes 1nnc (7: N9), bcl (18: N9),
and 2qwd (6: N9 mutant), respectively.

For the inhibitor ST8 (17) and the 2-pyrrolidinone-substi-
tuted benzoic acid inhibitors (LMA, LMB, LMC, QWM, QWL,
26—30), no crystal structures of complexes with NA were
available. The program AUTODOCKS3.0%* was therefore used
to flexibly dock these inhibitors into NA in seven complexes.
The docking protocol is described below.

In total, 43 complexes containing 29 different inhibitors and
two subtypes of NA were prepared for further modeling.

The inhibitory activity data were mainly taken from four
references (refs 13—15, 35). ICso values are available for most
inhibitors except for the complexes of N2 NA and GNA (7) and
4AM (6), for which ICsg values were calculated from K; values
using the Cheng—Prusoff equation.®* To normalize experimen-
tal data from different literature sources, we took the values
in ref 35 as the standard. The I1Cso values from ref 15 were
multiplied by 2 since the 1Cs value of Neu5Ac2en (5) binding
to N9 NA in ref 15 is one-half that in ref 35.

The coordinate (PDB) identifiers of the 43 complexes, the
protein subtypes, inhibitor names and charges, mutated
residues, and plCso values along with bibliographic sources
are listed in Table 1.

Molecular Mechanics Modeling. 1. Preparation of
Structures of Complexes. Besides proteins and inhibitors,
most crystal structures contained some oligosaccharide groups,
two calcium ions (one near to the active site), and a number
of ordered water sites. In our modeling studies, the oligo-
saccharide groups and the calcium ion far from the active site
were assumed to be unimportant and were removed. Thus,
for each complex, 388 amino acid residues, 1 calcium ion, the
inhibitor, and ordered water sites were retained for study.

The cysteines in NA were defined to participate in 9
disulfide bridges. The WHATIF program33 was used to
determine the protonation states of histidines and add polar
hydrogen atoms to the protein and water by optimization of
the hydrogen bond network. All histidines were assigned as
singly protonated. As a result, for the N9 subtype, 3 (150, 184,
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Table 1. Influenza NA—Inhibitor Complexes

Wang and Wade

no. inhibitor:NA2  code® of complex mutation inhibitor name  inhibitor charge () complex source plCs®P¢  plCsoPred
1  5:N9 mutant 2qwce Arg292Lys Neu5Ac2en -1 PDB 3.39%0 2.67
2 6:N9 mutant 2qwd Arg292Lys 4AM 0 PDB 4.0%0 4,58
3 7:N9 mutant 2qwe Arg292Lys GNA 0 PDB 6.96% 5.02
4 8:N9 mutant 2qwf Arg292Lys G20 0 PDB 5.28% 7.07
5 9:N9 mutant 2qwg Arg292Lys G28 0 PDB 3.6430 4.97
6 11:N9 mutant 2qwh Arg292Lys G39 0 PDB 4,893 4.77
7 8:N9 2qwi G20 0 PDB 7.70%0 7.26
8 9:N9 2qwj G28 0 PDB 6.6430 6.74
9 11:N9 2qwk G39 0 PDB 8.70%0 8.06
10 5:N9 1nnb Neu5Ac2en -1 PDB 4,703 3.94
11 7:N9 1nnc GNA 0 PDB 8.7030 8.45
12 10:N9 1bji G21 0 PDB 8.7010 7.42
13 3:N9 liny Ser370Leu ePANA -2 PDB 3.1611 4.27
14 12:N2 livd ST1 -1 PDB 3.1213 1.65
15 13:N2 live ST2 0 PDB 1.718 1.48
16 14:N2 live ST3 0 PDB 1.413 1.44
17 15:N2 ling ST5 -1 PDB 2.4013 4.15
18 16:N2 linh ST6 0 PDB 2.3013 2.45
19 5IN2 livf Neu5Ac2en -1 PDB 4.8213 3.90
20 3:N2 linx ePANA -1 PDB 4,711 4.32
21  18:N9 bcl Gly336Asn bcx-140 0 Dr. Babu 5.3014 4.24
22 19:N9 bc2 Gly336Asn bcx-384 -1 Dr. Babu 1.9614 3.31
23 20:N9 bc3 Gly336Asn bcx-167 0 Dr. Babu 3.7014 4.56
24 21:N9 bca Gly336Asn bcx-352 0 Dr. Babu 5.0014 4.18
25 22:N9 bcs Gly336Asn bex-141 +1 Dr. Babu 2.5214 3.46
26 23:N9 bcé Gly336Asn bcx-448 0 Dr. Babu 3.0014 3.18
27  24:N9 bc7 Gly336Asn bcx-1023 +1 Dr. Babu 47414 3.30
28 25:N9 bc8 Gly336Asn bcx-869 0 Dr. Babu 3.5514 4.75
29 26:N9 Ima Gly336Asn LMA -1 AUTODOCK 3.6012 459
30 27:N9 Imb Gly336Asn LMB -1 AUTODOCK 47012 4.30
31 28:N9 Imc Gly336Asn LMC 0 AUTODOCK 3.1212 4.07
32 29:N9 qwm Gly336Asn QWM 0 AUTODOCK 5.3012 5.55
33 30:N9 qwl QWL -1 AUTODOCK 7.3212 6.89
34 17:N9 bc9 Gly336Asn ST8 +1 AUTODOCK 4.1515 5.01
35 17:N2 dk3 ST8 +1 AUTODOCK 4.1515 4.27
36 6:N9 wdd 4AM 0 superposition 6.5010 5.84
37 T:N2 dk1 GNA 0 superposition 8.818 7.45
38 18:N2 dk2 bcx-140 0 superposition 5.0013 3.63
39 6:N2 dam 4AM 0 superposition 6.418 6.68
40  1:N9 mutant 2qwb Arg292Lys o-Neu5Ac -1 PDB 0.704 2.63d
41 1:N9 Imwe a-Neu5Ac -1 PDB 1.70%4 6.174
42 1:N2 2bat Asp338Asn a-Neu5Ac -1 PDB 2.713 6.944
43 4:N2 linw aPANA -1 PDB 2,71 4,884
44 31:N9 rw9 bcx-1812 0 AUTODOCK el8 8.36¢4
45  31:N2 rw2 bcx-1812 0 AUTODOCK el8 7.13d

a Inhibitors are shown in Scheme 1. The N9 subtype is referred to as “N9 mutant” if there is a mutation in the active site. ® PDB
identifier if with 4 letters. ¢ Experimental data were taken from the references noted. 9 External predicted activities for the N2 + N9

red

model derived with 39 complexes, whereas pICE® values for the first 39 complexes are from cross-validation (see also Figure 2). ¢ The
plCsp against 15 different strains of type A NA is in the range of 8.85—10.

274) out of 7 histidines were protonated on He and the other
4 (98, 144, 233, 312) were protonated on Ho. For the N2
subtype, 7 (144, 150, 155, 168, 184, 264, 274) out of 8 histidines
were protonated on He and 1 (191) on Ho. The carboxylic acid
moieties of the inhibitors were treated as ionized, as were the
amino acid side chains of arginine, lysine, aspartate, and
glutamate residues. The amino (—NH;) and guanidino groups
on the inhibitors were protonated (assuming physiological
conditions).

Due to the poorer resolution of some crystals, some struc-
tures (1nnb, liny, linh, livc, live, and ling) lack some or all
bound water sites. However literature evidence indicates that
some water molecules located in the active site are important
for NA—inhibitor binding. Therefore, if these water molecules
were missing from the structure of a complex, we added them.
Complexes with the same or similar proteins and inhibitors
should have the same or similar coordinates for bound water
molecules; thus structures 2qwc, Imwe and livd were chosen
as templates for adding water molecules by superimposing the
proteins. The four bound water molecules in structure 2qwc
(41w, 288E, 121G and 1T), which bridge between the
Neu5Ac2en inhibitor and the protein, were added to structure
1nnb, and the missing first residue (arginine) in 1nnb was also
added. One water molecule (327H) of structure 1mwe was

added to structure liny. Two water molecules (564H and 486H)
of structure livd were added to structures 1inh, livc and live,
and one water molecule (564H) of structure livd was added
to structure ling.

2. Parametrization of Complexes. Parametrization was
performed in the xLEaP module of the AMBERS5.0 program3®
and Insightll package.?° For the protein atoms and water
molecules, the all-atom AMBER 1995 force-field parameters*
were used. Some of the parameters required for the inhibitors
were not present in this force field and had to be derived. The
inhibitors were assigned atomic partial charges according to
their AMBER potential types in the Insightll package. This
required modification of the AMBER potential template in the
Insightll package in order to introduce some new atom types
into the force field. In addition, the nitro (—NOy), sulfone
(=S0;—) and sulfoxide (—SO—) groups had to be assigned
atomic partial charges manually from Mulliken MOPAC
(MNDO) charges computed within the Insightll package as
no existing Insightll potential types were appropriate for these
groups. These groups are present in inhibitors bcx-167, bex-
1023, bcx-869 and ST1. Two new atom types, S1 and S2, were
defined respectively for the sulfur atoms in sulfone and
sulfoxide groups in the AMBER force field. Other parameters
for the inhibitors were taken from the CHARMM22 force
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field,*> when not present in the AMBER 1995 force field. The
calcium ion was assigned a +2e charge, a 1.74 A van der Waals
radius, and a 0.0465 kcal/mol epsilon value.

3. Energy Minimization of Complexes. Energy minimi-
zation of each complex was carried out using the Sander
module in AMBERS5.0 and consisted of two stages. In the first
stage of 200 steps, only hydrogen atoms and water molecules
were allowed to move. In the second stage, the protein non-
hydrogen atoms were restrained to their crystallographic
positions by a harmonic potential with a force constant of 32
kcal/(mol-A2) while the hydrogen atoms, the inhibitor and
water molecules were unrestrained. The convergence criterion
was that the root-mean-square value of the Cartesian elements
of the energy gradient was less than 1072 kcal/(mol-A). A
nonbonded cutoff of 10.0 A and a distance-dependent dielectric
constant (e = rj) were used throughout. In each stage, the first
100 steps were performed with the steepest descent algorithm
and the rest of the steps were performed with the conjugate
gradient method.

After energy minimization, all bound water molecules,
except one involved in interactions between the inhibitors and
the protein, were discarded. The retained water molecule is
located between the C5- and C6-pockets (e.g. the water 121GH
in structure 2qwc). It accepts a hydrogen bond from the C5-
position amide hydrogen of the inhibitor and donates hydrogen
bonds to Glu277 and Glu227.

4. Docking Protocol for Noncrystallographic Com-
plexes. The same parametrization and minimization protocol
was applied to the three complexes derived by superimposition
and the seven complexes with ligands docked by AUTO-
DOCKS3.0. The docking protocol was as follows.

First, the starting conformation of each inhibitor was built
and minimized in the SYBYL software package.*® Then the
conformation was manually adjusted to be as similar as
possible to the crystal conformation shown in refs 13, 16. The
inhibitors were assigned AMBER atomic partial charges as
described in the parametrization section. Nonpolar hydrogen
atoms of the inhibitors were removed and their charges were
added to those of their bonded carbon atoms. The protein
structures also contained only polar hydrogen atoms and were
assigned charges with the program g.kollu in AUTODOCKS3.0.
The Lamarckian genetic algorithm in AUTODOCKS3.0 was
applied to search the conformational and orientational space
of the inhibitors while keeping the protein structures rigid.
The default parameters were used. 50 docking runs were
performed for each complex. The orientation with the lowest
docked energy in the top-ranked cluster was chosen to make
a complex for COMBINE analysis.

For each inhibitor, an appropriate protein structure needed
to be chosen. This is the consequence of using a rigid protein
structure. In this work, the N2 protein of structure livf was
used to dock inhibitor ST8 (17) and create a N2 complex (dk3).
The n9.pdb protein structure was used to dock inhibitors ST8
(17), LMA (26), LMB (27), LMC (28) and QWM (29) and create
five N9 complexes (bc9, Ima, Imb, Imc and gwm). The inhibitor
QWL (30) has a big hydrophobic group at the C6-position and
a conformational change is known to take place in residue
Glu276 when the C6-position is substituted by a hydrophobic
group. Therefore, the N9 protein of structure 2qwk, in which
the inhibitor G39 (11) has the same hydrophobic group as
QWL (30), was used to dock QWL (30) and create an N9
complex (gml).

After docking, the original bound water sites of each protein
structure were added to the docked complex and the water
molecules causing a steric clash with the inhibitor were
removed. It is worth noting that one of the —CH,OH groups
in inhibitors LMC (28), QWM (29) and QWL (30) expels the
important water molecule which was kept for building COM-
BINE models.

Chemometric Analysis. The COMBINE program (pro-
vided by A. R. Ortiz) was used to decompose the interaction
energy between the inhibitor and the protein in each mini-
mized complex. That is, it was used to calculate the Lennard—
Jones and electrostatic interactions between the inhibitor and
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each protein residue, the water molecule, and the calcium ion.
For complexes Imc, gqwm, and gwl containing no water
molecule, zero values were set for the energy variables of the
water.

These energy descriptors were input into the GOLPE4.5
program** for PLS analysis. The variables were divided into
two blocks: a van der Waals block and an electrostatic block.
Because the variables of the van der Waals block covered a
much smaller range than those of the electrostatic block, a
block unscaled weights (BUW) pretreatment was used to give
the same importance to each block and ensure that the effects
of the van der Waals block are not ignored in the QSAR models
derived. After the BUW pretreatment, an initial PLS model
was built using all the variables and the number of latent
variables that produced the most predictive models, as judged
by Q? values in leave-one-out cross-validation, was chosen as
the optimal dimensionality. Then a D-optimal preselection was
applied to remove the noise variables by considering the
optimal dimensionality in partial weights space. As a result,
about 50% of the variables were retained to undergo a further
selection by performing fractional factorial design (FFD). The
variables unimportant for activity were discarded and the
remaining variables were used to build the final PLS model.

To study the robustness of the above procedure, external
cross-validation was performed by randomly taking 10 com-
plexes out of the original data set as a prediction set and using
the rest as a training set. The training set was used to build
a model following the above procedure and to predict the
activities in the prediction set. 15 such test models were
generated. The complexes in the prediction sets were deter-
mined as follows. In the complete data set, plCso values vary
from 1.4 to 8.8, so the complexes were classified into eight
activity ranges with an increment of 1.0 from 1.0 to 9.0. One
randomly chosen complex per range was assigned to the
prediction set, but two complexes were chosen from ranges
[3.0—4.0] and [4.0—5.0] because these two ranges contained
the majority of the complexes. As a result, a prediction set
included 10 randomly chosen complexes with an activity
distribution similar to that of the full data set.

Results and Discussions

Model for N2 and N9 NA Subtypes. Although both
N2 and N9 NA subtypes contain 388 amino acid
residues and conserved active site residues, they differ
in most positions in their sequence alignment. The
alignment of subtypes N2 and N9 revealed 10 gap
residues: 5in N2 and 5 in N9. The interactions of these
gap residues were not considered for the COMBINE
analysis. Thus 383 residues, 1 calcium ion, and 1 water
were kept in both N2 and N9 complexes for the
COMBINE interaction energy calculation, and there-
fore, 770 X-variables were input to the GOLPEA4.5
program.

First, all the N2 and N9 complexes except 2qwb,
1mwe, 2bat, and linw, i.e. 39 complexes, were used to
build a PLS model. The maximum dimensionality for
subsequent X-variable selection was determined to be
five latent variables. After variable selection, about 330
variables were selected to build the final PLS model.
The statistical parameters of the model and the average
SDEP for the 15 external test sets are listed in Table 2.
The dependence of R2 and Q2 values on the number of
latent variables in the model is shown in Figure 1. The
R2 and Q2 curves develop slowly beyond three latent
variables. The average SDEP value for external valida-
tion is, as expected, larger than that for internal
validation, but sufficient to demonstrate the robustness
of the model. The predicted plCso values are plotted
against experimental plCsy values for the model with
three latent variables in Figure 2. Comparison of
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Table 2. Predictive Performances of COMBINE Models?

no.of  no. of

dataset complexes LV R? SDEC Q2 SDEP SDEP®t+ SD
N2 + N9 39 3 088 0.69 0.77 0.96 1.22 +0.20

4 089 064 0.78 0.94 1.20 £ 0.22

5 0.92 0.57 0.78 0.94 1.19+£0.21
N9 28 3 091 056 0.76 0.93

4 0.94 0.45 0.84 0.76

5 09 042 085 0.72

a Abbreviations: LV, latent variable; R, correlation coefficient;
SDEC, standard deviation of errors of correlation; Q2, predictive
correlation coefficient; SDEP, standard deviation of errors of
prediction; SDEP®, average SDEP of 15 external validation tests;
SD, standard deviation.
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Figure 1. Dependence of the RZ and Q2 values on the number
of latent variables for the N9 + N2 COMBINE model for 39
complexes.
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Figure 2. Plot of experimental plCso values versus predicted
plCso values for the N2 + N9 model derived for 39 complexes:
@, predicted values for the 39 complexes from leave-one-out
cross-validation at three latent variables; x, external predicted
values for sialic acids (1) in structures 2qwb, 1mwe, and 2bat
and for aPANA (4) in structure linw.

measures of predictive ability shows that, overall, the
COMBINE model produces more accurate predictions
than obtained in previous SAR studies on NA inhibitors.
This is achieved for the largest and most diverse set of
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complex is labeled by the inhibitor number. Neu5Ac2en
inhibitors with both C4-position amino groups and C6-position
hydrophobic groups cluster in box A; benzoic acid inhibitors
with C6-position guanidino groups and neutral groups in other
ring positions cluster in box B.

NA—inhibitor complexes studied computationally to
date.

To investigate the distribution of the complexes in the
space defined by their interaction energies, a principal
component analysis was performed for the 39 complexes
using the BUW pretreated variables. The score plot of
the first two principal components (PC1 and PC2) is
shown in Figure 3. PC1 distinguishes the benzoic acid
inhibitors with guanidino groups from the others, while
PC2 distinguishes inhibitors with positively charged
groups at the C4-position from others. The Neu5Ac2en
inhibitors with both amino groups at the C4-position
and hydrophobic groups at the C6-position closely
cluster together. So too do the benzoic acid inhibitors
with guanidino groups at the C6-position and neutral
groups at other ring positions. No obvious distinction
between N2 and N9 complexes can be seen.

To investigate the contributions of the X-variables to
the activity (plCso), the partial weights in the first four
latent variables (LVV1—4) are shown in Figure 4. It can
be seen in Figure 4a that the first two latent variables
are predominantly defined by van der Waals interac-
tions from Argl18, Glull9, Asp151, Argl52, Trpl78,
11e222, Arg224, Ala246, Arg292, Asn294, Arg371, and
the water molecule and electrostatic interactions from
Aspl51, Argl56, Trpl78, Arg292, Arg371, and the water
molecule. All these residues are located in either the
first or the second shell of the active site. The third and
fourth latent variables are also mainly defined by these
residues, but in addition, residues Serl179, Lys350,
Glu425, and the calcium ion contribute. The most
important variable for LV4, the Arg152 van der Waals
interaction, is also important for LV3 and makes a much
larger contribution to LV4 than all other interactions.
Therefore, the addition of the fourth latent variable to
the model results in little improvement in the predictive
ability of the model.

Although the partial weights plots can highlight the
variables important for activity, their actual contribu-
tions to the PLS equation are not clear. According to eq
2, plCsp values are mainly determined by large PLS
coefficients w;j and large interaction energies u;. In the
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model at three latent variables, the maximum real PLS
coefficients of van der Waals and electrostatic interac-
tions are 0.58 and 0.088, respectively. We used a
threshold of 0.1 on the PLS coefficients to extract
important van der Waals variables with large PLS
coefficients and a threshold of 0.01 on the PLS coef-
ficients for important electrostatic variables. The van
der Waals variables above the threshold are from
residues Argll8, Aspl51, Argl52, Trpl78, 1le222,
Arg224, Ala246, Arg292, Asn294, and the water mol-
ecule. The electrostatic variables above the threshold
are from residues Aspl51, Argl56, Trpl78, Arg292,
Arg371, Tyr4d06, and the water molecule. These residues
are also the residues that have relatively larger interac-
tion energies with inhibitors. This can be seen in Figure
5, which shows the electrostatic (Figure 5a) and van der
Waals (Figure 5b) interaction energies between the
inhibitor G39 (11) and N9 residues in the structure
2gwk. Figure 5c¢,d shows the product of the interaction
energies and the PLS real coefficients (Figure 5c for the
electrostatic term and Figure 5d for the van der Waals
term).

Therefore, the activity differences of the inhibitors will
be predominantly explained by their interactions with
the 12 protein residues listed above and the water
molecule. Some of these interactions, e.g. with Asp 151
and Arg 292, are particularly important.

Argl18, Arg292, and Arg371 are located in the C1-
pocket and form the triarginyl cluster that anchors the
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carboxylate groups of the inhibitors. Moreover, Arg371
forms salt links to the carboxylate groups of most
inhibitors; this is why Arg371 has a positive van der
Waals interaction energy with the inhibitor, as shown
in Figure 5b. Asp151 is located in the C4-pocket and
makes direct favorable electrostatic interactions with
positively charged groups at the C4-position. Argl56 is
near Aspl51, but in the second shell of the active site.
It increases binding affinity by its favorable electrostatic
interaction with Asp151 even though its interaction
with the inhibitors is electrostatically unfavorable.
Therefore, Argl56 has a positive PLS coefficient while
Asp151 has a negative PLS coefficient. Argl52 is in the
C5-pocket and donates a hydrogen bond to the amide
oxygen at the C5-position of the inhibitor. Trp178 and
11e222 as well as the side chain of Arg224 form a small
hydrophobic region at the C5-pocket. For inhibitors with
a large hydrophobic group at the C6-position, Glu276
rotates and forms a salt link to Arg224, thus creating a
necessary hydrophobic pocket together with Ala246 to
accommodate the inhibitor. Asn294 also makes contri-
butions to this hydrophobic interaction. Tyr406 lies
under the backbone ring at the C2-pocket and might
make aromatic interactions with the benzene rings of
benzoic acid inhibitors by its phenyl ring and also
electrostatic interactions with the ring oxygen of sialic
acid inhibitors by its hydroxyl group. In addition, the
remarkable significance of Arg292 implies that its
mutation will result in a large effect on activity: All
the inhibitors exhibited reduced binding to the Arg292Lys
mutant NA. This may be explained by noting that,
although Lys292 conserves the positive charge of Arg292,
Lys292 fails to form a hydrogen bond to the carboxylate
group of the inhibitor in the structures of the complexes
of the mutant. A stereoview of all the important residues
is shown in Figure 6.

It is interesting to note that Glu119 and Glu227 are
not significant in the above model although they are in
the active site and show strong interactions with the
inhibitors (see Figure 5). It appears that the variance
in activity in this data set can be described without
taking these two residues into account. However, this
does not mean that they are not important for activity;
indeed, they might contribute to the constant term in
the PLS equation.

Blick et al.*> analyzed the effects of the Glu119Gly
mutation on the inhibitory activities of Neu5Ac2en
analogues, and the results showed that the inhibitory
activity of 4-guanidino-Neu5Ac2en (7) was reduced by
500-fold but that of 4-amino-Neu5Ac2en (6) remained
unchanged. This illustrates that Glu119 is not necessary
for the high affinity of an inhibitor to NA although it
might be important for some large positively charged
substituents, e.g. guanidino at the C4-position. Glu227
is located on the floor of the active site under the C5-
position and could make long-range charge—charge
interactions with the positively charged groups at the
C4-position.

Model for N9 NA Subtype. To investigate whether
any important differences exist between the N9 and N2
complexes, 28 N9 complexes were extracted from the
data set and used to build a PLS model. The same
protocol as applied to the whole data set was used except
that two cycles of FFD were performed to obtain the
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Figure 6. Stereoview of the active site of NA (structure 2qwk). The residues are labeled. The inhibitor G39 (11) is shown in

ball-and-stick. The bound water molecule is shown by a ball.

final model (see Table 2). This N9 model exhibits much
better fitting and predictive ability than the N2 + N9
model. At the optimal number of latent variables of 4,
it gives an R? value of 0.94, SDEC of 0.45, Q2 of 0.84,
and SDEP of 0.75. The residues with PLS coefficients
above the same thresholds as applied before are almost
the same as those in the N2 + N9 model with the
following two exceptions: Glu227 appears in the list of
residues with a significant van der Waals contribution
and Tyr406 disappears from the list of residues with a
significant electrostatic contribution. It is difficult to

explain these differences from protein structural differ-
ences between N2 NA and N9 NA as the orientations
of Glu227 and Tyr406 are almost the same in N2 and
N9. A possible explanation could be the differences
between the inhibitors in the N2 + N9 data set and the
N9 data set.

Extension of the Model. The three sialic acid (1)
complexes (2qwb, 1mwe, 2bat) and the aPANA (4)
complex (linw) were not included in the above models
as they are outliers. As shown in Table 1 and Figure 2,
their activities are dramatically overpredicted by the N2
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+ N9 model. Sialic acid (2bat) was also an outlier in
the 1Cso computation of Muegge.?” Its ICso value was
overpredicted in his PMF scoring and so too was that
of aPANA.

Several explanations can be provided for the over-
estimation of the COMBINE model. First, it is known
that sialic acid exists in solution as a mixture of .- and
B-anomers in a ratio of approximately 1:10,%¢ and only
the a-anomer binds in the active site. Considering this
fact, the activity of a-sialic acid should be 10 times
higher than the measured value for the mixture. Second,
a conformational change of the ring is required for
a-sialic acid binding. The pyranose ring has to convert
from a chair form in solution to the less stable boat form
upon binding (see Scheme 1). The binding energy would
be reduced by this unfavorable conformational change,
but the conformational change was not explicitly con-
sidered in the above model. PANA has no such enan-
tiomorphism problem,*” but the same ring conforma-
tional change is required for aPANA to bind to the NA
active site.

We tried to incorporate the inhibitor intramolecular
energy changes into the COMBINE analysis to account
for the conformational changes of the ring. To model the
unbound solution state of each inhibitor, a single
conformation of each inhibitor was surrounded by
explicit water molecules and energy-minimized. The
intramolecular energy difference between an inhibitor
in solution and in complex was used as an additional
energy term to correlate with the activity by PLS, but
sialic acid (1) and aPANA (4) remained outliers. A
possible reason for this is that the entropic differences
due to occupancy of additional conformations in solution
were not taken into account in this simple procedure.
We also attempted to incorporate estimates of desolva-
tion energies based on the changes in solvent accessible
surface area of the inhibitors upon binding, but this did
not improve the model or alleviate the problem of the
outliers. Another possibility, which was not investigated
in the present study, would be to introduce electrostatic
desolvation effects computed with a Poisson—Boltzmann
model into the model.3°

Design of New Inhibitors. On the basis of the above
COMBINE analysis, some suggestions can be given for
the design of new inhibitors. The triarginyl cluster of
Argl18, Arg292, and Arg371 at the Cl-pocket is the
predominant factor for orienting and stabilizing inhibi-
tors. A negatively charged group that makes strong
charge—charge interactions with the triarginyl pocket
is highly favorable for binding and is present in all the
inhibitors studied. To replace the carboxylic and phos-
phonic groups in the current inhibitors, sulfinic (—SOOH)
or sulfonic groups (—SO,0H) are potential candidate
substituents for the C1-pocket.

In contrast to the Cl-pocket, a positively charged
group is favored for binding in the C4-pocket by the
interactions with Asp151 and Arg156. Accordingly, some
of the current inhibitors that lack C4 positively charged
groups could be modified to satisfy these interactions.
For example, a higher activity is predicted if an amino
group is substituted at the C4-position of bcx-140 (18).

In the C5-pocket, a hydrogen bond acceptor, e.g. a
carbonyl group (—CO-), could strengthen binding by
forming a hydrogen bond with Argl152. In addition, as
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Figure 7. Diagram of important structural features (O) for a
strong inhibitor and corresponding NA residues (O). Nc,
negatively charged group; Pc, positively charged group; Ha,
hydrogen bond acceptor; Hd, hydrogen bond donor; Hy1, small
hydrophobic group; Hy2, large hydrophobic group.

the important bound water molecule acts as the bridge
linking an inhibitor and NA residues by hydrogen
bonds, a possible variant on this point is to replace or
incorporate this water molecule into an inhibitor like
one of the hydroxyl groups in QWL (30). There are two
regions in which hydrophobic groups can be introduced
to enhance binding. One is the small hydrophobic pocket
formed by Trpl178 and lle222 as well as the side chain
of Arg224. A larger one is created by rotating Glu276
as described above.

The important structural features for a strong inhibi-
tor and corresponding protein residues are schemati-
cally shown in Figure 7. As the inhibitor rings have no
direct interactions with NA and act only as scaffolds to
orient the attached groups, novel inhibitors can be
designed by constructing novel frame structures. For
example, the new inhibitor bcx-1812 (31), which is
currently in the clinical trials, has a five-membered ring
framework. The experimental plCso value is in the
range of 8.85—10 against 15 different strains of type A
NA.8 This inhibitor was published after we had com-
pleted our COMBINE model. To investigate how ac-
curately our COMBINE model predicts the activity of
this new inhibitor with a novel framework, we docked
this inhibitor into the N9 protein of the complex 2qwk
to create a N9 complex (rw9) and into the N2 protein of
the complex livf (with Glu276 of the N2 protein manu-
ally rotated to form a salt link to Arg224 before docking)
to create a N2 complex (rw2). The modeling protocol was
the same as described in the section Molecular Mechan-
ics Modeling. The plCsg values predicted by the COM-
BINE model were 8.36 for the N9 subtype and 7.13 for
the N2 subtype. The N9 prediction is very close to the
experimental value, while the underprediction for the
N2 subtype is consistent with underpredictions for other
inhibitors in the COMBINE model, e.g. for the inhibitor
GNA (7) in the N2 complex dk1 (see Table 1).

The above discussion mainly refers to wild-type NA,
but as NA is a target with a high mutation frequency,
resistance to viral mutation should also be considered.
For example, in this data set, the Arg292Lys mutation
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resulted in a general reduction of inhibition activity due
to reduced charge—charge interactions in the C1-pocket.
On the other hand, the crystal structure*® (2qwh) of the
11:N9 mutant complex showed that the C6-hydrophobic
pocket failed to form because the mutant residue Lys292
hindered the rotation of Glu276 and thus resulted in
the largest resistance being shown to the inhibitor G39
(12). Therefore, to minimize viral resistance, inhibitor
binding affinity should avoid strong dependence on
Arg292. Another strategy to resist viral mutation is to
design inhibitors targeting residues where mutations
are highly deleterious to NA. According to the experi-
mental work of Ghate and Air,*® mutations at Tyr406,
Glu276, and Aspl151 have a drastic effect on NA activ-
ity: These residues would be good targets to design
inhibitors with resistance to viral mutation.

Concluding Remarks

A series of NA—inhibitor complexes has been studied
by COMBINE analysis. Despite the complexity of the
system, predictive and robust QSAR models have been
obtained by correlating the pICso values with the van
der Waals and electrostatic interactions between the
inhibitor and each protein residue and the bound water
molecule. In the COMBINE models, the differences in
inhibitory activity for the set of inhibitors are mainly
determined by interactions with 12 active site residues
and 1 bound water molecule. Accordingly, strong inhibi-
tors should have structural features that make favorable
interactions with these protein residues. They are a
negatively charged group at the C1-pocket, a positively
charged group at the C4-pocket, a hydrogen bond
acceptor and a small hydrophobic group at the C5-
pocket, a large hydrophobic group at the C6-pocket, and
a hydrogen bond donor at the water position. The
COMBINE model has been derived for N2 and N9
subtypes of influenza A and should be a useful aid for
the optimization and de novo design of NA inhibitors.
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